Hampton TH, Stanton BA. A novel approach to analyze gene expression data demonstrates that the ⌬F508 mutation in CFTR downregulates the antigen presentation pathway.
The progression of CF lung disease varies enormously, even among patients sharing identical CF genotypes (7) . Some patients who are homozygous for the ⌬F508 CFTR mutation develop severe lung disease at an early age, whereas others reach adulthood with relatively normal respiratory function (13, 25, 51) . Clearly, the CFTR genotype is not the only determinant of CF lung disease progression. Many factors have been identified that contribute to the variability in lung disease in CF including, but not limited to, infectious exposure to Pseudomonas aeruginosa and Burkolderia cepacia, nutritional and socioeconomic status, gene-environment interactions, and tobacco smoking (7) . Recent evidence also suggests that other genes, notably proinflammatory genes, may play a significant role in determining the severity of lung disease in CF (7, 28) .
In recent years, several groups have performed gene array studies to identify gene expression differences between CF and non-CF individuals that might account for some of the variability in CF lung disease (44, 45, 48, 50) , hoping that an understanding of these differences would have major prognostic and therapeutic implications. Interestingly, with the exception of proinflammatory pathways, which were upregulated in some but not all array studies (44, 45, 48, 50) , each study identified different genes or genetic pathways, and none were consistently and differentially expressed in CF (44, 45, 48, 50) . The lack of similar findings among these studies may be due to experimental differences, including the type of tissue examined (i.e., nasal brushings, stable clones of airway epithelial cells, airway epithelial cells in primary culture, and stable bronchial epithelial cell lines), the genotype of the cells used (i.e., ⌬F508/⌬F508 vs. ⌬F508/W1282X), and because no two studies used the same statistical approach to identify differentially expressed genes.
The goal of this review is twofold. First, it reviews published gene array studies designed to identify genes modified by the CF genotype. Second, it reanalyzes four publically available gene array data sets using a recently developed approach (15, 26, 27, 29, 37) . We hypothesized that a uniform analysis might identify genes and pathways common to the studies chosen for analysis that might shed light on the CF disease process, and that these observations would have major prognostic and therapeutic implications. To this end, we reviewed the literature and searched publicly available, archived gene array databases and identified four recent studies evaluating the effect of the ⌬F508-CFTR mutation on human airway epithelial cell gene expression (44, 45, 48, 50) . We restricted our investigation to studies that were conducted on human airway cells and whose data were accessible in the NCBI Gene Expression Omnibus (www.ncbi.nlm.nih.gov/geo) or the European Bioinformatic Institute's ArrayExpress (www.ebi.ac.uk/microarray-as/ae/). Some published gene array studies were not included because the raw data, necessary for our method of analysis, were not available (10, 21) .
Our exploratory method of reanalyzing these studies, described below, found that genes involved in MHC class I antigen presentation were consistently downregulated in CF airway epithelial cells. This observation provides a novel mechanistic explanation for the observation that CF patients have an inability to clear viral and bacterial infections (46) . Because it is generally accepted that proinflammatory genes and NF-B genes are upregulated in CF, we also examined genes in these pathways in all four data sets. However, we did not find evidence that proinflammatory genes are upregulated in CF, consistent with the recent review by Machen (28) . The review of the literature by Machen and our analysis of published gene array data do not support the dogma that mutations in CFTR per se upregulate proinflammatory genes. Our analysis suggests that the reduced ability of CF patients to clear bacterial and viral infection may result from the downregulation of genes involved in MHC class I antigen presentation. Additional studies are required to follow up on this analysis of gene array data to determine if downregulation of genes involved in MHC class I antigen presentation reduces the ability of CF patients to clear bacterial and viral infections. Table 1 presents a brief overview of the experimental approaches used in the four studies chosen for analysis. Virella-Lowell et al. (44) used immortalized bronchial epithelial cells expressing the ⌬F508/ W1282X mutation (IB3-1 cells isolated from a single individual) and IB3-1 cells rescued with wild-type (wt)-CFTR (S9). Zabner et al. (50) examined primary cultures of tracheal/bronchial epithelial cultures isolated from 10 CF patients (⌬F508/⌬F508) and 10 primary cultures of tracheal/bronchial epithelial cultures isolated from non-CF donor lungs. Wright et al. (47) isolated nasal epithelial cells from 12 non-CF and 11 CF patients (⌬F508/⌬F508). Finally, Verhaeghe et al. (43) compared an immortalized fetal tracheal CF cell line (CFT-2 cells: ⌬F508/⌬F508) isolated from a single individual to a fetal tracheal cell line derived from one non-CF fetus (NT-1 cells). In summary, the four studies used CF and wt-CFTR cells that were obtained from very different sources. Figure 1 presents an overview of the data analysis approach used by all four CF studies, which includes in sequence: data normalization, selection of differentially expressed genes, categorization, visualization, and confirmation, which leads to a testable hypothesis requiring additional studies.
OVERVIEW OF PUBLISHED CF GENE ARRAY DATA: THE CELLS

OVERVIEW OF PUBLISHED CF GENE ARRAY DATA: THE EXPERIMENTAL APPROACH
All four studies used single-channel microarrays and normalization techniques appropriate to the design. In single-channel experiments, each slide measures one sample. Since hybridization conditions vary slightly from slide to slide, a sample measured on one slide may produce values that are uniformly higher than the same sample measured on another. One can adjust for these differences by normalizing all slides, regardless of treatment conditions, so that each slide has the same median value, an approach used by Wright et al. (47) . This practice assumes that gene regulation is essentially a zero sum game (the same number are regulated up as down) and that total gene expression is constant. The Affymetrix normalization used by the other three studies assumes that a predefined set of housekeeping genes is always expressed at the same level and adjusts intensities across all slides accordingly.
Selection of differentially expressed genes, the next step in Fig. 1 , may involve simply choosing genes whose average expression differs by more than twofold between experimental conditions. For example, Verhaeghe et al. (43) used this approach to identify 2,424 out of 54,675 transcripts (4.5%) as differentially regulated, which equates to the 1,192 of 19,887 unique genes shown in Table 2 . Selecting genes using a static fold change criterion raises two questions. First, can one safely ignore genes regulated less than the cutoff without missing important biological effects? Second, since a single outlier observation, not uncommon in microarray experiments, can substantially Most studies compared nonisogenic samples from cystic fibrosis (CF) and non-CF patients bearing a homozygous ⌬F508 mutation. Virella-Lowell et al. (44) compared isogenic IB3-1 to S9 cells. No two studies used tissues of identical origin, and each study used a different Affymetrix array platform. N ϭ the number of wild-type (WT)/CF samples measured. *We used 11 WT and 4 CF mild disease samples in our reanalysis of these data. Not all samples were available for download, and the 5 severe disease samples in these data were not included because they measure the effect of CF disease more than the CF genotype itself.
drive an average, can one safely ignore variability in the component measurements that make up an average? Virella-Lowell et al. (44) selected genes based on significance, not fold change, to address these issues, as did Wright et al. (47) , whereas Zabner et al. (50) used both fold change and significance. Settling on a definition of significance, such as P Ͻ 0.05, is not trivial because of the number of genes measured simultaneously. Virella Lowell et al. chose instead to define significance as a false discovery rate (FDR) less than 0.05. While this measure sounds much like the familiar P Ͻ 0.05 often encountered in the literature, the P values of the individual genes Virella-Lowell et al. selected at an FDR of 0.05 were actually thousands of times smaller. They chose a more conservative cutoff in deference to the multiple hypothesis testing burden based on the following logic. One can argue statistically that 450 of 9,000 genes could reach a significance of 0.05 by chance alone (5), so on an array of 9,000 genes, reaching an effective P Ͻ 0.05 requires a much smaller starting value, such as P Ͻ 6 ϫ 10 Ϫ6 . Wright, Zabner, Virella-Lowell, and their coauthors adjusted P values or target levels of significance to varying degrees based on this kind of thinking. For example, Zabner et al. chose to consider only genes with P Ͻ 0.00001 as significantly regulated. Since very small P values are rare in microarray studies involving biological replicates, correcting P values for multiple hypothesis testing may severely limit the number of genes available for further statistical and biological analysis, an issue we will address in more detail.
Categorization assigns genes to groups based on responses to experimental conditions and biological function. The simplest response grouping involves segregating genes that went up from those that went down, but "up" and "down" can be subdivided further into more groups based on strength of regulation, making categorization a tedious task for experiments with multiple conditions or time points. Virella-Lowell et al. (44) (47) used categories defined by the Gene Ontology (GO) (1) Consortium (www.geneontology.org). The GO system begins with very general categories, e.g., "Biological Process" (ϳ18,000 genes), and breaks them down into very specific ones [e.g., "entrainment of circadian rhythm by photoperiod" (33 genes)]. The process of placing genes into categories can itself result in statistically significant associations as follows. One can ask whether a set of differentially regulated genes has more genes belonging to certain categories than one would expect a random selection of genes to contain. Using this kind of logic, Wright et al. noted that genes associated with airway defense in CF were overrepresented among the 30 genes identified downregulated by the CF genotype in their data set, citing a P value of P Ͻ 0.047 for this association. Verhaeghe et al. (43) used DAVID (9), a publicly available system (http://david.abcc.ncifcrf. gov/) to categorize differentially expressed genes and assess the significance of gene set enrichment.
Data visualization of the four studies included familiar elements such as bar charts, scatterplots, and boxplots. Three of the four studies also used heatmaps, a less familiar representational method. Heatmaps (see Figs. 4 and 5) allow the simultaneous representation of many genes under many experimental conditions by using color to associate a numeric quantity such as fold change with each gene. Hierarchical clustering of the genes places genes with similar values (colors) next to each other, making patterns easier to grasp (11) .
All four groups confirmed a small number of regulated genes by PCR. Verhaeghe et al. (43) additionally used ELISA and EMSA.
Using the experimental approach outlined above, the four studies reached a variety of different conclusions regarding what, if anything, the CF genotype does to gene expression. No gene was reported differentially expressed by more than one study. DUOX2, which is involved in H2O2 production in the lung (12) , was the only gene cited as having a previously identified CF association (32) , and the NF-B inflammatory pathway was the only pathway cited as having a previously identified CF association (43) . In short, these studies did not provide a unified set of conclusions regarding the genes or pathways up-or downregulated in CF. 
A NEW, LESS RESTRICTIVE APPROACH TO ANALYZE GENE ARRAY DATA: EXPLORATORY GENE ARRAY ANALYSIS
Starting with the assumption that the ⌬F508 mutation causes consistent gene expression differences unobserved by the four studies, we reanalyzed the data using a methodology recently developed by our group (15, 26, 27, 29) . The exploratory gene array approach identifies biological patterns using the process shown in Fig. 1 , but in addition utilizes iterations, as shown by the lines leading back to previous steps, as explained later in more detail. We call it an "exploratory" approach because of its roots in exploratory data analysis (42) and to highlight its nondeterministic character. For example, the exploratory approach uses gene regulation to identify paths of interest, but it can also use pathways to identify genes of interest. Exploratory data analysis has been previously described in detail (42) and has a different aim from the statistics of inference (8) common to most laboratory experiments, which are used to test an existing hypothesis. The design of the microarray, which typically measures an entire transcriptome in a single experiment, favors hypothesis generation, whereas less expensive, low-throughput experiments (i.e., PCR) provide more reliable measurements of individual genes, favoring hypothesis testing. For these reasons, we chose the exploratory approach shown in Fig. 1 and the less restrictive gene selection technique graphically shown in Fig. 2 , which has been reported to improve agreement between microarray experiments performed in different laboratories (17, 38, 39, 40) . Figure 2 is a volcano plot of mild CF compared with healthy controls in the Wright et al. (47) study. It shows the P value and fold change of each gene, illustrating our gene selection method and contrasting it with the methods used by four original authors. The fold change criterion used by Verhaeghe et al. (43) selects all genes that increase by 2-fold or decrease by 0.5-fold, that is, genes marked with "ϫ". This strategy would include genes with marginal P values. At the other extreme, the highsignificance criterion used by Virella-Lowell et al. (44) and Wright et al. selects genes marked with "ϩ" as differentially expressed and sometimes includes genes with very small expression differences (e.g., less than a 2-fold increase and between a 0.5-and 1-fold decrease). Zabner et al. (50) used both a high-significance criterion (P Ͻ 0.00001) and a 2-fold cutoff to avoid the problem of selecting genes with small P values that had very small expression differences. This strategy corresponds to the genes marked with both ϩ and ϫ in Fig. 2 and identifies too few genes to analyze from a pathway perspective. By contrast, in our exploratory gene array approach, we adopted the hybrid approach recommended by Shi et al. (38, 39, 40) and Guo et al. (17) , which filters out genes with P values less than 0.05, orders the remaining genes based on fold change, and selects genes that meet a target fold change. In Fig. 2 , for example, 2,790 (6%) genes reached a significance of 0.05, most of which changed by less than 20% between CF and non-CF samples. Using P Ͻ 0.05 and a fold change of at least 1.4 up or 0.7 down, we identified the 473 genes marked in color in Fig. 2 for pathway analysis. In our reanalysis, we tried a variety of fold change cutoffs for each data set and used the cutoff that yielded the most statistically significant pathway results. In practice, the best fold change cutoff was the one that generated a list of ϳ300 genes.
ANALYSIS OF PUBLISHED CF GENE ARRAY DATA USING THE EXPLORATORY GENE ARRAY ANALYSIS METHOD
The first step in the reanalysis of the published data considered what the original experiments measured and what they found. We chose the four studies because their data were available in a form that could be reanalyzed and because they were similar enough in the general protocol to enable meaningful comparisons between them. Fold change Ͼ2 Upregulation of proinflammatory genes, fibrosis, and matrix remodeling genes. Upregulation of NF-B and AP-1 pathways.
Verhaeghe et al. (43) No gene was reported significant by more than 1 manuscript. DUOX2, which is involved in H2O2 production in the lung (32) and inflammation (NF-B), was the only pathway cited as having a previously identified CF association. Significant gene ratio ϭ number of genes selected divided by the number of genes on the array. SAM (43) false discovery rate and GeneSpring Cross Gene Error Model yield P values adjusted for multiple hypothesis testing based on a mechanism similar to Benjamini-Hochberg. *Authors identified differential expression between mild and severe disease, but not CF compared with non-CF in this path. Fig. 2 . Volcano plot showing the average fold change of individual genes (x-axis) compared with P value in a t-test (y-axis) from cystic fibrosis (CF) compared with non-CF nasal brushings (48) . Genes marked with ϫ were strongly regulated, with a fold change (FC) greater than 2.0 or less than 0.5. Genes marked with ϩ were highly significant (P Ͻ 0.0001), but the fold change was relatively small. Genes marked in color were significant (P Ͻ 0.05) and changed by a factor of at least 1.4 or 0.7. Larger colored circles denote greater regulation upward (red) or downward (green).
Even so, they differ enough to explain divergent results: immortalized cells are not the same as primary cultures, nasal epithelia are not the same as bronchial epithelia, and studies involving true biological replicates often lead to variable results. Moreover, as noted above, the statistical approach was different in each study.
ORIGINAL CONDITIONS AND RESULTS
Collectively, the published results of the four studies suggest that the CFTR genotype exerts unique effects contingent on experimental conditions, as previously noted. Estimates of the absolute number of genes affected by CF varies over two orders of magnitude, as shown in Table 2 , and no common threads emerge in terms of pathways or individual genes.
We were interested in the Virella-Lowell (44) data set because it contains CF (IB3-1 cells) and non-CF IB3-1 cells complemented with wt-CFTR (S9 cells), an isogenic comparison differing only in the presence of a functional CFTR gene. Their design also involved a third genotype (CF cells overexpressing IL-10) and studies examining the effects of Pseudomonas on each genotype. Rather than using t-tests to compare each of their 66 possible contrasts individually, they began with Tusher's Significance of Microarray (SAM) (43) analysis, which offers a multiclass option similar to ANOVA. Using this multiclass option, they identified genes that were significantly different between any two conditions. They then used K means clustering to identify six clusters of genes that showed similar response patterns across various treatments. Visually inspecting these groups, they found that the CF genotype regulated 53 genes. The CF regulation pattern included upregulation of proteasome subunits and ubiquitin-conjugating enzymes and downregulation of protease inhibitors and protein glycosylation enzymes, as shown in Table 2 . They speculated that upregulation of proteasomal subunits might relate to ⌬F508 CFTR protein misfolding and the induction of an endoplasmic reticulum stress response. They also speculated that downregulation of glycosylation enzymes might reduce binding of Pseudomonas to the epithelial cell surface. Although PCR verification of some genes was not successful (i.e., phosphomannose isomerase, a glycosylating enzyme), PCR did confirm a decrease in the mRNA levels of SERPINB3, an antiprotease, which they thought might predispose the CF lung to enhanced neutrophil damage. PCR also confirmed an increase in IL-6, UBE21 (a ubiquitin-conjugating enzyme), and PSMB7, a proteasomal subunit.
The Zabner et al. (50) study compared gene expression profiles from 10 CF patients homozygous for the ⌬F508 mutation to 10 non-CF patients by creating primary lung epithelial cell cultures from samples of tracheal or bronchial origin. T-tests identified 24 of 13,077 genes significant at P Ͻ 0.00001 with a fold change greater than 2. They performed PCR on 21 genes with suitable annotations, of which 12 confirmed. Among these genes, they noted that SLC12A7 (KCC4), a potassium/chloride cotransporter, showed increased expression in CF, and suggested that additional studies on SLC12A7 were warranted. They generally concluded that the ⌬F508 mutation had a minimal effect on the gene expression of human airway epithelia.
Wright et al. (47) used nasal brushings from 12 healthy volunteers and 11 CF patients homozygous for the ⌬F508 mutation, chosen by virtue of very mild or very severe lung disease as measured by forced expiratory volume (FEV1).
They limited qualifying CF patients to those in either the top or bottom 20th percentiles, facilitating gene expression comparisons between mild and severe CF disease. They noted that 9 out of 11 CF patients were infected with Pseudomonas. A cytopathological analysis of the nasal brushings showed them to consist primarily of airway epithelial cells, although squamous cells and inflammatory cells contributed ϳ5% and 8%, respectively. They saw no significant difference between non-CF, mild CF, and severe CF in terms of cell composition, but the severe group showed a marginally higher percentage of inflammatory cells. The authors normalized their data and eliminated ϳ25% of genes by virtue of low overall expression. Based on GeneSpring's modified t-test, they concluded that severe disease (low FEV1) regulates 569 genes at a corrected significance of P Ͻ 0.05. Only 32 genes met a significance threshold of P Ͻ 0.05 when comparing CF to non-CF. While one could use this as a validation of Zabner's conclusion that the CF genotype by itself regulates few genes, the small number of genes identified derives in part from the rather conservative correction applied to P values by GeneSpring. The least conservative correction strategy offered by GeneSpring would in practice require a starting P Ͻ 0.00003 to achieve a corrected value of P Ͻ 0.05 on an array with 18,000 spots. In any case, clustering revealed that 32 of the significant genes were associated with the CF genotype alone, of which 30 were downregulated by CF. They categorized these 30 downregulated genes by GO (1) and found that there were more genes associated with such categories as airway defense, antigen presentation, lymphocyte differentiation, and protein metabolism than one would expect a random selection of genes to contain. They used PCR to confirm reduced expression of DUOX2, an airway defense gene involved in pulmonary H 2 O 2 production (12). In their discussion, they mention two specific antigen presentation genes, HLA-F and HLA-G, which were downregulated and play a role in nonclassical major histocompatibility complex Ib antigen presentation. These proteins bind to receptors on natural killer cells and have been implicated in immunoregulation (35) . The authors noted decreased expression of CD2 and CD74, which are cell surface adhesion molecules expressed on mucosal T cells, suggesting that some of the gene regulation observed in this experiment derives from contributions made by cells of immune origin. CD2 mediates STAT involvement in the regulation of IFN␥, proposed to play a role in CF pathophysiology (30) . Finally, the authors highlighted six genes downregulated by CF that are involved in lipid metabolism, a topic that has been reviewed recently (47) . As noted in Table 2 , differences in lipid metabolism and certain other paths were limited to comparisons between mild and moderate disease and were not strongly associated with the CF genotype in general.
Verhaeghe et al. (43) compared gene expression between two human immortalized fetal tracheal cell lines, one from a fetus bearing a homozygous ⌬F508 CFTR mutation (CFT-2) and a control line (NT-1), but this was a small part of their analysis. They first demonstrated increased DNA binding of NF-B in CFT-2 compared with NT-1 cells by EMSA, found increased transcriptional activity using a reporter gene, decreased half-life of IB, and increased IB␣ phosphorylation, all consistent with their starting hypothesis that the ⌬F508 CFTR genotype leads to increased inflammatory gene expression through a classic NF-B signaling cascade. In a similar set of experiments, they demonstrated increased AP-1 activation, which also regulates inflammatory gene expression. They found evidence of increased NF-B and AP-1 activation by a reporter gene assay in HeLa cells transfected with ⌬F508 CFTR compared with wild type. They also found evidence of inflammatory gene regulation in the CFT-2 cell lines as measured by gene arrays. They normalized their gene array data and selected 1,192 unique genes with a fold change greater than 2. They categorized these genes using DAVID (9) and identified "inflammation, fibrosis and matrix remodeling" and "cytokine-cytokine receptor interaction" paths as upregulated in CF. Based on these paths, they selected 11 genes including chemokines, cytokines, the basic fibroblast growth factor (bFGF), and the matrix metalloproteinase MMP-1 for further analysis. They confirmed most of these genes in a variety of ways, including independent gene expression measurements in ⌬F508 HeLa and 16HBE14o-CF cell lines. Finally, they demonstrated that upstream regulators of NF-B and AP-1, including ERK, IL-1␤, and bFGF, were differentially expressed in ⌬F508 cells compared with control, concluding that the absence of a functional CFTR at the plasma membrane leads to intrinsic AP-1 and NF-B activity and a proinflammatory state mediated by IL-1␤, bFGF, IKK, and ERK.
In summary, the four groups of authors reported quite different results in terms of what paths and genes are regulated by the CF genotype and how these changes influence CF lung disease. We wondered whether a reanalysis of the original data, using a single statistical approach, might identify genes or paths similarly regulated in multiple experiments and thereby provide a novel and consistent insight into CF.
REANALYSIS OF GENE ARRAY DATA
We acquired gene array data from the GEO database, a publicly available archive of 300,000 individual microarrays with 16 billion expression measurements (2) or from the original authors, as summarized in Table 1 . We used robust multi-array average RMA (22) to normalize measurements and selected genes using the dual criterion method of Guo et al. (17) as described above and shown in Fig. 2 . We adjusted the fold change parameter as needed, consistent with our exploratory methodology (15) to optimize pathway analysis results. We used Ingenuity (www.ingenuity. com) to identify pathway enrichment and visualized genes associated with enriched or suspected paths.
We began by looking for highly regulated genes in common between the four studies. We defined genes as "in common" when they were examined in all four studies and regulated in the same direction by two or more studies. In practice, genes present on the earliest generation arrays were also present on the later generation arrays, but the earlier arrays were substantially smaller, limiting this aspect of our analysis to 8,858 unique genes. Figure 3 is a Venn diagram showing genes in common among the 300 most induced (upregulated) genes selected from each of the four studies. Each experiment identified different sets of genes as the most highly induced, with an average of 252 genes (83%) unique to a single study. No genes were among the 300 most highly induced in all four experiments. A similar survey of the 300 most repressed (downregulated) genes yielded similar results (93% unique), as did the 300 genes from each study with the smallest P values (89% unique) and a random selection of 300 genes (90% unique). These comparisons indicate that the genes that are reported to change in CF are unique to that study. If there are common gene patterns in the four studies, they do not appear among the most highly regulated or highly significant genes in each study. Thus, we decided to explore whether the studies showed similarity at the pathway level.
PATHWAY REANALYSIS
As noted above, we use Ingenuity IPA to categorize gene array data. The IPA system performs best with lists of roughly 300 "network eligible genes", that is, genes about which IPA has enough information to relate them to other genes or biological functions. To optimize IPA performance and make various experiments comparable in terms of list length meant adjusting the fold change criterion as follows. We used a fold change of 1.4 (up or down) in the case of Virella-Lowell et al. (43) data. Using the gene lists described above as input, IPA identified the antigen presentation path in both the Wright et al. data (P Ͻ 10 Ϫ15 ) and Virella-Lowell et al. data (P Ͻ 10 Ϫ4 ), providing our first evidence of pathway concordance. Ingenuity identified "Hepatic fibrosis/hepatic stellate cell activation" (P Ͻ 10 Ϫ10 ) and "Airway pathology in chronic pulmonary disease" (P Ͻ 10 Ϫ5 ) in the Verhaeghe et al. data, paths that include several of the genes Verhaeghe et al. chose for intensive study.
Observing that antigen presentation is significantly regulated in two studies raises an interesting question: how did genes from this pathway, regardless of fold change or significance, behave in all four studies? More generally, if a pathway was regulated in any single study, how did it behave in the others? To explore this question, we matched IPA pathway genes to average expression ratios and created hierarchically clustered heatmaps using the heatmap.2 function available from the R Foundation for Statistical Computing (http://www.R-project.org), Vienna, Austria. We clustered in two dimensions by Euclidian distance, placing similar genes and similar experiments next to each other on the heatmaps. Upregulated genes appear in shades of red, whereas downregulated genes appear in shades of green. Genes for which no data are available (because the array platform did not include a probe matching the gene) appear white. The color key in the legends of Figs. 4 -6 specifies the amount of regulation in log base 2 units, so Ϫ1 corresponds to a fold change of 0.5 and ϩ1 corresponds to a fold change of 2. Genes available in fewer than three experiments were excluded. The results are described below and presented in heatmaps in Figs. 4, 5, and 6. Our heatmaps present fold changes measured in different experiments side by side, preserving the scale of each independently controlled experiment. We chose this approach over normalization options such as Z scores because the ratios shared similar distributions and because we believe that a fold change of 2 is more biologically meaningful than the same quantity expressed in units based on standard deviation.
NF-B PATH
As mentioned earlier, many reports indicate that lack of functional CFTR enhances inflammation through a classic NF-B signaling cascade. Figure 4 graphically represents the CF to non-CF expression ratios for this path. The figure shows strong regulation of many NF-B genes in the Verhaeghe et al. (43) study, consistent with their results. The other studies reveal little NF-B activation. This result is consistent with Machen's (28) conclusion that the apparent exaggerated innate immune response of CF airway epithelial cells may result from infectious processes that were present, but not measurable, or from downstream effects of anion channel loss, such as airway surface liquid acidification, oxidation, and increased Ca 2ϩ signaling, rather than changes in gene expression, since cell culture models might not show these downstream effects.
PROTEIN UBIQUITINATION PATH
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DISCUSSION
Three key results from our analysis lay the foundation for further discussion and additional studies. First, we saw that if there are similarities in gene expression shared among the four studies, they do not manifest themselves in the most highly regulated or most significant genes. For example, only 10% of the most highly regulated genes in any study were strongly regulated in the same direction in another experiment (about what one would expect by chance), and no gene was strongly regulated in the same direction in any of the four experiments (Fig. 3) . This explains why the authors, who understandably based their conclusions on highly regulated or highly significant genes, reached unique conclusions. Second, we observed NF-B signaling changes in one study, but not the other three, suggesting that the CF genotype does not always regulate this path, consistent with a review by Machen (28) . Third, we did detect evidence of repression of the antigen presentation path in three out of four studies (Fig. 6) . Interestingly, we observed this effect, not by looking at highly significant genes, but by looking at all genes in a particular path. The core idea that gene expression analysis should focus less on the behavior of a few highly regulated genes and more on the behavior of biologically coordinated gene sets is well established (41, 49) . We recommend that any meta-analysis of gene array data consider not just individual genes but also pathways, as described in our exploratory gene array method (Fig. 1) .
To the extent that we can explain the progression of CF lung disease on the basis of consistent changes in gene expression, the evidence points more in the direction of impaired function of the immune system than toward intrinsic (i.e., not induced by pathogens) NF-B-mediated inflammation. Additional studies are required to follow up on this analysis of gene array data to determine if downregulation of genes involved in MHC class I antigen presentation is causally linked to a reduced ability of CF patients to clear bacterial and viral infections. If gene expression changes in antigen presentation reflect biologically relevant changes in protein levels, reduced expression of antigen presentation genes might have interesting effects.
MHC class I antigen presentation alerts the immune system to viral infection, the presence of bacteria, and cellular transformation (3). For example, when an infected epithelial cell presents viral antigen to an appropriate cytotoxic T lymphocyte, the T cell triggers the death of the host cell, as shown in Fig. 7 . Virally infected epithelial cells with reduced antigen presentation are more likely to escape immune surveillance and thereby increase the viral load and duration of infection. It is interesting to note that many viruses downregulate MHC class I expression in host cells as a mechanism to evade the immune response (18) . Decreased viral antigen presentation may therefore make the CF lung more prone to viral infection.
Clinical and biological evidence suggest that decreased antigen expression might be relevant to CF lung disease. A rare genetic disorder, TAP (transporter associated with antigen presentation) deficiency, abrogates MHC class I antigen presentation and causes rhinosinusitis, chronic lung infection, and bronchiectasis (6), reminiscent of CF. TAP-deficient patients also experience opportunistic infection by Pseudomonas (52) . Macrophages, present in the lungs and isolated by lavage, but not monocytes circulating in the bloodstream, also have defective antigen presentation in late-stage CF patients (24) , perhaps accounting for the observation that CF patients generally mount a normal immune response except in the lungs. Finally, although CF patients do not have a higher incidence of viral infections of the lung compared with non-CF individuals (19, 33, 36) , viral infections in CF are more severe and prolonged and are associated with pulmonary exacerbations and the progression of CF lung disease (46) . Both observations are consistent with our gene analysis and highlight the role that the MHC class I antigen presentation system plays in the immune surveillance of viral infection.
Reduced antigen presentation by epithelial or immune cells may also disrupt other important aspects of immune regulation, leading to adverse effects in the absence of infection. Antigen presentation plays an important role in regulating lung inflammation (20) and in immune modulation in general (35) . Natural killer cells attack cells that fail to present adequate levels of MHC class I proteins at their cell surface (23) , and alveolar epithelial cells modulate immune activity through antigen presentation (14) . Antigen presentation dysfunction may therefore mediate some of the lung tissue destruction seen in CF lung disease.
In conclusion, our exploratory method to analyze gene arrays made the new observation that genes involved in MHC class I antigen presentation were consistently downregulated in CF human airway epithelia. This finding is consistent with the clinical observation that CF patients have a reduced ability to clear bacterial and viral infections. Additional studies are required to follow up on this analysis of gene array data to determine if downregulation of genes and protein abundance in MHC I antigen presentation genes reduces the ability of CF patients to clear bacterial and viral infections.
